This study assessed spatial context and the local impacts of putative factors on the proportion of prostate cancer diagnosed at late-stages in Florida during the period 2001-2007. A logistic regression was performed aspatially and by geographically-weighted regression (GWR) at the nodes of a 5 km spacing grid overlaid over Florida and using all the cancer cases within a radius of 125 km of each node. Variables associated significantly with high percentages of late-stage prostate cancer included having comorbidities, smoking, being Black and living in census tracts with farmhouses. Having private or public insurance, being married or diagnosed in a for-profit facility, as well as living in census tracts with high household income reduced significantly this likelihood. Geographically-weighted regression allowed the identification of areas where the local odds ratio is significantly different from the ratio estimated using aspatial regression (State-level). For example, the local odds ratios for the comorbidity covariates were significantly smaller than the State-level odds ratio in Tallahassee and Pensacola, while they were significantly larger in Palm Beach. This emphasizes the need for local strategies and cancer control interventions to reduce the percentage of prostate cancer diagnosed at late-stages and ultimately eliminate health disparities.
Introduction
Prostate cancer (PCa) is the most common solid malignancy and the second leading cause of cancer-related death for American men. It has been estimated that there will be 233,000 new
Wheeler & Tiefelsdorf used GWR to explore local relationships between bladder cancer mortality rates at the state economic area (a group of similar counties) level and two explanatory variables: population density (proxy for environmental and behavioral differences) and lung cancer mortality rates (proxy for the risk factor smoking) (Wheeler & Tiefelsdorf, 2005) . The same year, Nakaya and colleagues developed a geographically weighted Poisson regression approach to conduct ecological regression (i.e. study of relationship between aggregated data) in space, with an application to the relationship between working-age death in the Tokyo metropolitan area and socio-economic factors (Nakaya, Fotheringham, Brunsdon, & Charlton, 2005) . Since then, geographically-weighted regression has been increasingly applied to the analysis of local relationships between health outcomes and putative factors (Chen & Truong, 2012; Chen, Wu, Yang, & Su, 2010; Chi, Grigsby-Toussaint, Bradford, & Choi, 2013; Shoff, Chen, & Yang, 2014; Yang & Matthews, 2012) . Most studies have however been conducted using aggregated health data, such as county-level rates, and application to PCa data has been sparse. This study aims to conduct regression analysis in a spatial context to assess the local impacts of individual and contextual factors on percent of late-stage PCa in Florida.
Materials and Methods

Data and data sources
The analysis was conducted on 39,374 cases aged 40 or older that were diagnosed with PCa in the State of Florida between 10/1/2001 and 12/31/2007. Data were obtained from four different sources and at three different spatial scales (individual, census tract, county). First, individual-level data were acquired from the Florida Cancer Data System (FCDS) housed at the University of Miami. The FCDS was established as the state central cancer registry in 1981, and is the largest single population-based cancer incidence registry in the nation (Florida Department of Health, 2014) . The FCDS has been part of the Centers for Disease Control and Prevention National Program of Cancer Registries since 1996. The FCDS collects information on patient demographics, residence, prostate tumor characteristics and other data such as tobacco use and primary payer of health insurance.
Second, diagnoses data were obtained from the Florida Agency for Health Care and Administration (AHCA). AHCA maintains two databases (Hospital Patient Discharge Data and Ambulatory Outpatient Data) on all patient encounters within hospitals and freestanding ambulatory surgical and radiation therapy centers in Florida. Comorbidity was computed following the Elixhauser Index method (Elixhauser, Steiner, Harris, & Coffey, 1998) based on diagnoses information from AHCA. The study used a total of 45 conditions, including 29 from the Elixhauser Index plus 16 additional conditions based on clinical characteristics of the study population. The method used to come up with these conditions is explained in greater details in another publication (Xiao et al., 2013) .
Third, data on socio-demographic and environmental characteristics were extracted at the census tract level from the U.S. Census Bureau (Census 2000, Summary File-3) public use files for the State of Florida.
Fourth, health provider information by county was obtained from the Florida Department of Health Division of Medical Quality Assurance to calculate provider to case ratios. Specifically, the number of primary health providers and urologists was divided by the number of prostate cancer diagnoses for each county during [2001] [2002] [2003] [2004] [2005] [2006] [2007] . This measure was used to capture provider availability.
Statistical Analysis
The relationship between percent of PCa diagnosed at late-stages and putative factors was modeled using logistic regression. The dependent variable is an indicator variable taking a value of 1 if the patient was diagnosed late, and zero otherwise. Covariates include age, race, marital status, smoking, type of health insurance (uninsured, public or private insurance) and facilities (for-profit and not-for-profit) where diagnosis was made, presence of no comorbidity, 1 to 2 comorbidities, more than 2 comorbidities, census-tract median household income and presence of farmhouse, year of diagnosis, county-level provider-tocase ratios.
The regression model was fitted using two different methods: 1) the traditional approach that ignores the coordinates of the observations (aspatial regression), and 2) geographicallyweighted regression (GWR) that fits a local regression model at the 5,970 nodes of a 5 km spacing grid overlaid over Florida and using all the cancer cases within a radius of 125 km of each node (Figure 1) . A grid spacing of 5 km provided enough resolution to map local spatial patterns while keeping the number of regression models (5,970) low enough to be computationally feasible. Details of the procedure can be found in Fotheringham et al. Wang et al. (2013) . In particular, a description of geographically-weighted logistic regression is provided by Rodrigues et al. (2014) .
The window size for GWR had to be large enough to include, for each grid node, all levels of each categorical covariate so that logistic regression could be performed. This condition was satisfied by a radius of 125km, which also ensured that at all but seven grid nodes a minimum of 1,000 observations was available for regression; see the spatial distribution of number of observations in Figure 1 . The average and median numbers of cases within each window are 7,237 and 7,598, respectively. The use of a constant window size was preferred over a constant number of observations (e.g. using windows of variable size) to ensure that every pixel in a map represents an area of similar size, which facilitates their interpretation. Each observation in GWR (i.e., a PCa case whose residence falls within that window) was weighted as a function of its proximity to the center of the window. A bisquare adaptive weight function was preferred to the use of a fixed bandwidth because the latter tends to generate more extreme coefficients in GWR maps, which directly affects the visual pattern and may contribute to biased interpretation and misinformed policies (Cho, Lambert, Kim, & Jung, 2009) . SpaceStat 4.0 software was used to fit both types of regression model (Jacquez, Goovaerts, Kaufmann, & Rommel, 2014) .
For each covariate, an odds ratio (OR) and its 95% confidence interval [L, U] were computed at each node of coordinate u i = (x i ,y i ). Three maps were created for each continuous covariate (e.g. median household income) or each level for categorical variables (e.g. years of diagnosis, type of insurance and number of comorbidities), at the exception of the reference level (e.g. year 2007 for year of diagnosis):
1. A map of geographically-weighted means (e.g. local median income, local percentage of cases with a given type of insurance or diagnosed a given year).
2.
A map of locations where the odds ratio is significantly lower than 1 (blue color), significantly higher than 1 (red color), and non-significantly different from 1 (white) at a α-level = 0.05. Because the test of significance is repeated for each of the 5,970 grid nodes, the p-values were corrected for multiple testing using the false discovery rate (FDR) approach which is less restrictive and more powerful than other approaches, such as the simple Bonferroni correction (Caldas de Castro & Singer, 2006 • U(u i ) < L State : local odds ratio is significantly smaller than the State-level odds ratio (dark blue color)
• U(u i ) < OR State : local odds ratio is significantly smaller than the State-level odds ratio if its uncertainty is ignored (light blue color)
• L(u i ) < OR State < U(u i ): local odds ratio is not significantly different from the State-level odds ratio (white color)
• L(u i ) > OR State : local odds ratio is significantly larger than the State-level odds ratio if its uncertainty is ignored (yellow color)
• L(u i ) > U State : local odds ratio is significantly larger than the State-level odds ratio (red color)
Results and Discussions
The results from aspatial logistic regression listed in Table 1 The second approach was to conduct the regression within local windows in order to investigate how the impact of the different covariates on the percent of late-stage PCa changes across Florida. The same covariates listed in Table 1 were used. The first step was to map the local (i.e. geographically-weighted) mean of the dependent variable ( Figure 2A ) and covariates (Figures 2B-E, Figure 3 ) across the State. Figure 2A indicates that high percentage of late stage PCa is more widespread in the Florida Panhandle (Northwestern part; see Figure 1 ), in particular in the Big Bend region. This confirms previous results obtained in a previous study for county-level rates aggregated over the period 1981-2007 for white males (Goovaerts & Xiao, 2011) . Maps of covariates illustrate how socio-economic, demographic, behavioral and environmental conditions vary across Florida. For example, Florida Panhandle tends to be more rural, with lower income, higher proportion of smokers and Black males. The largest city in the Panhandle is Tallahassee, the state capital, and cases there are less likely to be diagnosed in for-profit facilities and to have more than two comorbidities, while being more likely to have private insurance. On the other hand, Southeast Florida (Miami, Palm Beach) is more urban with higher incomes, and higher proportions of private insurance and diagnosis in for-profit facilities. Cases there are also less likely to be current smokers, to be married, and to have more than two comorbidities.
The results of geographically-weighted logistic regression are displayed in Figures 4 and 5 where blue and red pixels indicate which of the 5,970 grid nodes have local odds ratios that are significantly smaller or larger than 1, respectively. Covariates with non-significant results (e.g. race) are not mapped. For most covariates, the sign and proportion of significant local odds ratios agree with the sign and magnitude of global odds ratios listed in Table 1 . For example, having private (OR=0.533) or public insurance (OR=0.470) leads to the largest proportion of local odds ratios that are significantly smaller than 1: 16.1% and 25.8%, respectively ( Figure 4A&B ). Similarly, having 1 to 2 comorbidities (OR=1.697) and more than 2 comorbidities (OR=3.963) leads to the largest proportion of local odds ratios that are significantly larger than 1: 71.9% and 90.0%, respectively ( Figure 4C&D ). Except for the presence of more than 2 comorbidities, all maps indicate geographical variations in results of regression model across Florida.
For the presence of 1 to 2 comorbidities ( Figure 4C ), the non-significance of the results in the Florida Panhandle is due to two factors: the lack of variability in that covariate ( Figure  3E ) and the smaller number of cases diagnosed in this region (Figure 1 ) which hampers the ability to detect significant effects. The same explanation holds true for several covariates that do not have any significant local odds ratio: percentage of farmhouse, and percentage of Black males. The large sample size also explains why the local odds ratios for the two insurance-based covariates ( Figure 4A&B ) are significant in three heavily populated regions: Palm Beach-Miami, Jacksonville, and Tampa Bay. Marital status and smoking (Figures 5B&C) have only significant odds ratios in two out of these three regions: Palm Beach-Miami and Tampa Bay. Median income ( Figure 5A ) is the only covariate that has significant odds ratios in the Ft Myers area, which includes a reasonably large number of cases diagnosed. The most interesting results are obtained for the 2002 year of diagnosis ( Figure 5D ) since: 1) this covariate was not identified as statistically significant in the aspatial logistic regression, 2) this is one of only three covariates (marital status and presence of more than 2 comorbidities are the other two) with significant odds ratios in the sparsely populated Panhandle region, and 3) this is the only covariate that displays both significantly smaller than 1 or larger than 1 local odds ratios. The existence of significantly larger local odds ratios in the Florida Panhandle indicates a significant drop in the percent of late-stage PCa from 2002 to 2007, which agrees with results reported by a previous study (Goovaerts, 2013 (Goovaerts & Xiao, 2011) . This increase was significant for white males and could explain why the local odds ratio in 2002 was significantly smaller compared to the 2007 year of diagnosis, in particular in areas with predominantly white population.
Comparison of results of aspatial and geographically-weighted regression provides additional insights about the spatial variability of relationship between percent of late-stage PCa and putative factors. In this approach detailed in the method section, the global odds ratios (OR State ) listed in Table 1 are used as reference for local testing instead of a systematic unit rate (Figures 6 and 7) . In other words, the null hypothesis "H 0 : Local odds ratio equals 1" is replaced by the more specific hypothesis "H 0 : Local odds ratio equals the State-level odds ratio". This alternative approach highlights covariates that did not have local odds ratio significantly different from 1 (e.g. diagnosis at for-profit facilities or being diagnosed in 2001 or 2003) whereas other covariates with odds ratios significantly different from 1 (e.g. having private or public insurance) do not display significant differences from State-level results.
The use of covariate-specific reference values reduces the frequency of significant results for several variables, most notably for the two comorbidity factors ( Figure 6C&D ). In these two maps, the local odds ratio are significantly lower than the State-level ratio in the Florida Panhandle where most odds ratio are not significantly different from 1, which is expected. On the other hand, in Southern Florida (i.e. Palm Beach) the local odds ratios significantly exceed both 1 and the State-level ratio. Because this area is characterized by one of the lowest percentage of late-stage PCa (10-11%, Figure 2A ) and the smallest proportion of cases with 1 to 2 comorbidities (1 st decile, Figure 3E ), even a small increase in the frequency of comorbidities could result in a relatively large increase in percentage of latestage PCa. Conversely, the map of Figure 7A highlights an area around Gainesville (main campus of the University of Florida) where the local odds ratio for median income is both significantly lower than 1 and the State-level ratio. In other words, this is an area where the benefit of higher income on lowering the percentage of late-stage PCa is greater than what is observed over Florida in general. This could be linked to the higher accessibility of screening in the vicinity of a major University Hospital as indicated by the high provider (primary health provider and urologist) to case ratio found in (Goovaerts & Xiao, 2011) for Alachua County.
Marital status displays differences between local and State-level odds ratios that are rarely significant ( Figure 7B ). A covariate with significant differences between local and Statelevel odds ratios is year of diagnosis, in particular the beginning of the study period (2001 to 2003) . Finding larger local odds ratios in the Florida Panhandle and Northern Florida ( Figure 7D ) is not surprising because these are areas where the percentage of late-stage PCa has been historically higher with a recent decline (Goovaerts, 2013) leading to greater differences with the reference year of 2007.
Diagnosis made at for-profit facilities globally is associated with lower percentages of PCa diagnosed at late-stages (State-level OR=0.886), yet in three areas highlighted in Figure 7C the local odds ratio is significantly higher than the State-level ratio. This type of information is useful to identify facilities that might not perform as well as what is observed on average over the State.
Conclusions
This study investigated the impacts of putative factors on percent of late-stage PCa in Florida during the period 2001-2007 both globally and in a spatial context. Study of the correlation between health data and risk factors is traditionally performed using global or aspatial regression, with the implicit assumption that the impact of covariates is constant across study area. The present study demonstrates that this assumption may not apply to large states such as Florida with substantial geographic variations in demographic, social, economic, and environmental conditions. Although most papers include a comparison of results of aspatial regression and GWR (Chen & Truong, 2012; Chi et al., 2013; Yang & Matthews, 2012) , to our knowledge this is the first study where coefficients of the two regression models are formally compared using a 5-category classification scheme. Tailoring the test of hypothesis for local odds ratio to the value obtained at the State level allows discarding obvious results (e.g. having more than two comorbidities is significantly associated with higher percentage of late-stage PCa) to focus on areas where the increase or decrease is significantly higher or lower than expected on average over the State.
Globally, variables associated with higher percentage of late-stage PCa included having comorbidities, smoking, being Black and living in census tracts with farmhouses. Having private or public health insurance, being married or diagnosed in a for-profit facility, as well as living in a census-tract with high income are significantly associated with lower percentage of late-stage PCa. Locally, geographically-weighted regression identified multiple areas where local odds ratios were significantly different from the State-level ratio estimated using aspatial regression. For example, maps of local odds ratios for the comorbidity covariates allowed pinpointing specific areas where the local odds ratios were significantly smaller (Tallahassee, Pensacola) or larger (Palm Beach) than the state-level odds ratio. Another interesting result was the enhanced impact of census-tract median household income is associated with lower percentage of late-stage PCa in the vicinity of University of Florida hospital in Gainesville. However, as emphasized by other researchers (Cho et al., 2009) , more theoretical work is needed on the impact of search strategy and weighting function on the results of geographically-weighted regression to improve its robustness.
The results of the study are promising for health policy-makers, in that the observed geographic variations in the impact of socioeconomic, behavioral, environmental and demographic factors stress the need for local strategies and cancer control interventions to further decrease the percentage of late-stage PCa and ultimately eliminate health disparities. In particular, the new approach whereby local odds ratios are compared to global ones should facilitate the selection of local areas for intervention. For example, efforts to reduce the number of comorbidities should start with the few zones where the local odds ratio is larger than the State-level odds ratio. To help operationalize delivery of localized interventions, the GWR method facilitates identification of distinct patterns that occur at a neighborhood level, within a single county, across multiple counties or in a contiguous region.
Fig. 1.
Map of the number of prostate cancer cases used for each of the GWR models. This isopleth map is overlaid with Florida county map and labels indicating main regions and cities cited in the discussion section. The black dashed circle represents the window of radius 125 km used for geographically-weighted regression. Counties demarcated by thick boundary lines are part of the Panhandle and South Florida regions.
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